We analyze the role of first (leading) author gender on the number of citations that a paper receives, on the publishing frequency and on the self-citing tendency. We consider a complete sample of over 200,000 publications from 1950 to 2015 from five major astronomy journals. We determine the gender of the first author for over 70% of all publications. The fraction of papers which have a female first author has increased from less than 5% in the 1960s to about 25% today. We find that the increase of the fraction of papers authored by females is slowest in the most prestigious journals such as Science and Nature. Furthermore, female authors write 19 ± 7% fewer papers in seven years following their first paper than their male colleagues. At all times papers with male first authors receive more citations than papers with female first authors. This difference has been decreasing with time and amounts to ∼6% measured over the last 30 years. To account for the fact that the properties of female and male first author papers differ intrinsically, we use a random forest algorithm to control for the non-gender specific properties of these papers which include seniority of the first author, number of references, total number of authors, year of publication, publication journal, field of study and region of the first author's institution. We show that papers authored by females receive 10.4±0.9% fewer citations than what would be expected if the papers with the same non-gender specific properties were written by the male authors. Finally, we also find that female authors in our sample tend to self-cite more, but that this effect disappears when controlled for non-gender specific variables.
INTRODUCTION
Gender inequality and biases seem to be persistent in the scientific community. Even though the number of doctorate degrees awarded to women is constantly increasing, women still tend to be underrepresented in faculty positions (National Science Foundation 2015) . Numerous studies have shown that both male and female referees consistently give higher scores to identical work done by males than females (e.g., Wennerås & Wold 1997 , Moss-Racusin et al. 2012 . As an example of bias in publishing, the study by Budden et al. (2008) showed that the number of female authors increased significantly after a journal in the field of ecology switched to the double-blind refereeing system in which the names of the authors are kept hidden from the reviewers.
The recent growth of big databases enables more systematic statistical investigation into the role of gender on the publishing and awarding mechanisms in the scientific community. Conley & Stadmark (2012) deduced that female authors tend to be underrepresented in the prestigious publications; for example, female authors have contributed only 3.8% of earth and environmental science articles for Nature News & Views even though they represent approximately 20% of scientists in the field. The same conclusion was reached by West et al. (2013) who conducted a large multi-field analysis and found much of the disparity between male and female 1 neven.caplar@phys.ethz.ch 2 sandro.tacchella@phys.ethz.ch 3 simon.birrer@phys.ethz.ch authors was due to lack of females who are first authors of prestigious papers. The same group has also found that men tend to self-cite their work more (King et al. 2016) . For the domain of engineering, Ghiasi et al. (2015) has recently showed around 10% bias in the number of citations.
Focusing on astronomy, Davenport et al. (2014) has studied gender balance at the 223rd meeting of the American Astronomical Society and found that even though the gender ratio of speakers mirrors that of conference attendees, women asked fewer questions than their male peers. A similar conclusion was reached by Pritchard et al. (2015) who studied patterns at the National Astronomy Meeting 2014 of UK astronomers. A study by Reid (2014) on the success of proposals for time on the Hubble Space Telescope concluded that proposals with a female principal investigator are less likely to succeed than proposals with a male principal investigator. They also found that the success rates by males and females for more recent graduates (Ph.D. since 2000) are more comparable to each other. Similar disparity between genders was also recently reported for time allocation at European Southern Observatory telescopes (Patat 2016) . Although these difference are observed in the conference settings and in the proposal success rate, no study has investigated possible differences in the number of citations between the genders.
Spurred by these findings, we wish to measure the role of gender on the number of citations that papers receive in astronomy. Throughout the study we assume that male and female authors should receive the same number of citations for papers that have the same non-gender properties. Any difference in the citation counts between female and male first author papers with matched non-gender properties will be labeled "gender bias". The main goal of this paper is to quantify this gender bias.
Furthermore, we also investigate the publishing frequency and the self-citing tendency of the authors. We chose to analyze astronomy since it is our own field of research, and since a homogeneous data set for this field can be constructed. We use a large data set in order to be able to control for spurious dependencies of the number of citations on non-gender specific variables and to determine which factors are the drivers of the possible differences between male and female first author papers.
We often use the syntax "female authors" and "male authors". Firstly, it is to be understood that when we use this syntax we actually refer to the first authors of the papers. We are primarily interested in the gender of the first author of the paper since in astronomy the first author of the paper is the principle investigator. Secondly, we wish to make clear that our results are only understood within the constraints of our analysis. We are not able to determine the gender of the authors of each paper with absolute certainty and there may be some biases in our estimation of gender, which we discuss in Section 7. For all practical purposes, the phrases "female authors" and "male authors" are to be understood as "first authors that we deduced to be female in this analysis" and "first authors that we deduced to be male in this analysis", respectively.
The structure of the paper is as follows. In Section 2 we describe our compilation and reduction of the data. In Section 3 we present some characteristics of the sample and the differences between the male and female authored papers. In Section 4 we present the difference between the mean number of citations gathered by male and female first author publications and discuss how seniority of authors affects these results. In Section 5 we aim to isolate the effect of gender from the other non-gender specific variables using machine-learning techniques. Section 6 discusses the self-citation dependence on gender. Section 7 contains discussion of the possible caveats and we conclude in Section 8. In the Appendix we expand on several additional properties of our sample.
DATA
In this section, we describe the data compilation and cleaning processes we used in order to produce our final dataset.
Data sources
To get the list of all published papers in the field of astronomy we downloaded from the SAO/NASA Astrophysics Data System (ADS) 4 all of the entries available in the database "astronomy" and published in one of five established journals ("Astronomy & Astrophysics" (AA), "Astrophysical journal" (APJ), "Monthly Notices of Royal Astronomical Society" (MNRAS), "Nature" (NAT) and "Science" (SCI)) from 1950 to 2015. We choose these five journals as they encompass the vast part of astronomical research today. Furthermore, they are well established journals with long historical records. SAO/NASA astronomy API service provides many types of metrics for each paper. Specifically, we chose to download the names of the authors and their institutions, the number of citations, the number of references, the publishing journal's name, abstract of the paper and the publishing year. All of the information was downloaded in a single effort in June 2016, so the number of citations for every paper reflects state of the metric at that point in time.
We augment the data with information available from the arXiv database 5 , for papers where such data exist. For each paper that is found in the arXiv database we record the designated field ("Astrophysics of Galaxies"; "Cosmology and Nongalactic Astrophysics"; "Earth and Planetary Astrophysics"; "High Energy Astrophysical Phenomena"; "Instrumentation and Methods for Astrophysics"; "Solar and Stellar Astrophysics") and downloaded the *.tex source file when possible from the Amazon S3 server 6 in order to determine the length of paper as well as the number of equations and floats in the paper.
Adding paper-specific information
In this section we describe how we determine for each paper its length and its subfield. When the *.tex files are available we run the tool TeXcount 7 with default settings to obtain the number of words, floats, equations and mathematical expressions embedded in the text of each paper. For some papers the tool fails or measures very small number of words in the paper (< 500) due to multiple *.tex files associated with the single paper. In these cases, we ignore these measurements in further analysis.
In order to estimate the topic of the paper for which arXiv classification is not available, we train a randomforest algorithm on the sample of papers for which both field classification and their abstract are available. We are able to achieve high accuracy of classification; we find about 80% of papers are being correctly classified. Reassuringly, the misclassification is often between similar categories, e.g., between "Cosmology and Nongalactic Astrophysic" and "Astrophysics of Galaxies" or between "Earth and Planetary Astrophysics" and "Solar and Stellar Astrophysics". If we exclude these similar misclassifications we find that the accuracy rises to around 90%. We then use this algorithm on all other papers in order to assign them their field of research. In order to simplify and categorize the institutional information for each paper we determine the country of the institution of the first author. In total, 85% of papers include institutional information.
Adding author-specific information: institution
We developed a list of about 100 keywords for which individual appearance in the affiliation string uniquely determines the country of origin. This list includes different spellings of country names, country codes, US state names and abbreviations, and university and research institution names. Linking the affiliation strings to this list enables us to assign 97% of papers with affiliations uniquely to a country.
To simplify this information, we assign the institutions to three categories: North America, Europe, and Other. We experimented with different classifications and found that these have minimal effect on our conclusions.
2.4. Adding author-specific information: gender and seniority Determining the first author's gender is complex because many authors publish using their initials instead of their full first names. We partially mitigate this problem by matching first and last names with initials of all authors from the dataset of all papers. In this way, we are able to determine the first name of an author even if they provided only initials in the particular paper, but used their first name at least once during their publishing career. We took special care in order to ensure bijection between author information with initials only and corresponding author information with a full first name as well. In many cases, the second and third first name (middle names) help to identify the unique full name provided by the initials. Thanks to this methodology, we are able to uniquely identify different authors in the entire dataset and their reappearance. We use the year of an author's first first-author paper as the baseline to define the seniority of an author. We define the seniority of an author as the number of years that have passed since their initial first-author publication. In the cases where the exact first paper of the author can not be identified due to possible confusion between the authors with same initials we do not assign a seniority to such an author. In addition, we looked for authors that have changed their last name by looking for authors with last names that are parts of other last names, while having the same first 0 1000 2000 3000 4000 5000 6000 7000 8000 # of Papers all with gender male female 1950 1955 1960 1965 1970 1975 1980 1985 1990 1995 (papers with more than zero citations and references), papers with determined first-author gender (sample used for analysis), papers with a male first author, and papers with a female first author, respectively. The overall number of papers published per year increased by more than one order of magnitude from the 1960s to 2015. Bottom panel: Fraction of all papers for which we determined the gender (black), fraction of papers with gender for which first author is male (blue) and for which first author is female (orange), respectively. From 1980 onward, we determined the gender for 60-80% of all papers. The fraction of female first author papers has steadily increased over the past 50 years.
name. All possible cases have been individually checked whether indeed a change of last name is present. With this procedure we are able to recover full records for authors that have changed their surnames during their publishing carrier (e.g. due to marriage).
After determining the full first name, we match the name to three different databases to determine the gender. Firstly, we look the name up with SexMachine 8 , a python module. This database consists of 40,000 names from a wide geographical origin which have been classified by native speakers. Secondly, we search for gender in the data available from the United States Social Security Administration and the UK Office of National Statistics, which track the gender of all children born in these countries 9 . It consists of approximately 100,000 names, but it does not have the geographical width as the first database. Finally, if the name is not found in those lists, we look the name up in Gender API 10 , which includes nearly 2,000,000 names. If a given first name consists of several names, we have checked the gender for all of the names, and weighted the final gender assignment accord-8 https://pypi.python.org/pypi/SexMachine/ 9 https://github.com/OpenGenderTracking/globalnamedata 10 https://gender-api.com/ ingly.
Cleaning and finalizing the dataset
The last step in our data processing is to remove the parts of the dataset which we judge to contain spurious information or for which we have incomplete information. In total, we have downloaded 208,577 entries from ADS. We remove 58,836 entries (about 28%) from this initial dataset, giving us a final dataset with 149,741 papers. The following ADS entries are removed: (i) entries with zero citations or zero references (4,417 ADS entries); (ii) authors that have only published in Science and/or Nature (5,484 ADS entries); (iii) entries with no authors specified (491 ADS entries); (iv) entries with no first name for the first author (e.g. collaboration articles; 7,713 ADS entries); (iv) entries for which first author only used initials for all publications available in the dataset (42,448 ADS entries); and (iv) entries for which the gender of the first name of first author could not be determined (2,260 ADS entries). Note that the numbers of the ADS entries removed due to different individual reasons do not add up to the total number of removed entries due to overlaps.
In Tables 1A and 1B lines from our dataset as an example. We make the full final dataset available along with the non-processed data which we used 11 .
In Figure 1 we present the number of papers in our sample. In the upper panel we show the number of published papers per year over time, the number of papers for which we were able to recognize the gender (the main sample we discuss in this work), and then finally the number of papers published by male and female authors. In the lower panel the same information is presented as a fraction of papers with recognized gender, male authorship or female authorship. We see that we are able to recognize gender for large fraction of papers, ranging from 60% in the 1960s and 1970s and rising to 75% to 80% in the 1980s to 2010s. The fraction of recognized papers is slightly decreasing in the last few years as the fraction of authors which have published a single or few papers increases; for these authors it is less likely that the full author name is available from one of their papers. We discuss the possible influence of this effect on our results in Section 7. We also note the slow but constant rise 11 http://people.phys.ethz.ch/~caplarn/GenderBias/ of the fraction of female first author papers, from less than 5% in the 1960s to about 25% in 2015. This trend is consistent with the overall increase in women faculty members in astronomy departments (Ivie et al. 2013 ).
CHARACTERISTICS OF PUBLICATIONS IN ASTRONOMY
In this section, we highlight a few average trends concerning the characteristics of publications in astronomy. Specifically, we focus on the average number of references and citations, average seniority, and publication frequency of males and females. In Appendix A we also investigate who is leaving the field of astronomy and the length of papers authored by females and males.
3.1. Global trends of the sample Figure 2 shows a few global average trends of publications in astronomy and highlights differences between male and female first author papers. In panel (a), we plot the average number of references in papers as a function of the publication year. We note the strong increase in the number of references per paper over time: the average number of references increased from about 10 per paper in the 1960s to ∼ 60 today, a ∼ 500% increase. This effect accompanies the similarly strong increase in the total number of papers published per year (see Figure 1) . The striking feature about Figure 2 , panel (a), is the difference between the average number of references between male and female first author papers. From 1980 onward, we find a clear trend that female first author papers contain 7 ± 3% more references than male first author papers. A similar trend can be found for the length of papers, where female first author papers tend to be longer than male first author papers (see Appendix A). , shows the average seniority of first authors in a given year. Since the seniority is determined from the first publication found in our database, we are not able to determine the seniority accurately before 1978. We reach the > 90% completeness in seniority by 1978, i.e., trends before that date must be interpreted with care (see Appendix B for more details). We find that the average seniority of ∼ 7 years in 1980 for both female and male first author papers. After that point we find that the average seniority of the male first author papers increases steadily, while the one of the female first author papers remains roughly constant. , compares the average number of citations a paper receives for males and females as a function of publication year. Up to year 2000, the average number of citations slightly increased for both male and female first author papers. The recent down-turn can be explained by the trivial effect that not enough time has passed in order to cite those papers. Overall, we find an indication that the male first author papers have on average a higher citation count than female first author papers. We will investigate this further in Sections 4 and 5, which contain the main part of our analysis.
Finally, in Figure 2 , panel (d), we investigate gender representation in all of the journals selected. We find that female authors tend to be underrepresented in the most prestigious journals which tend to gather most citations. Around 1980, the fraction of female first author papers was similar in all journals and amounted to ∼ 10%. Until 2015, the fraction of female first author papers increased in all journals, but more significantly in A&A, ApJ and MNRAS (to ∼ 25%) than in Nature and Science (to ∼ 17%). As an example of the difference between the journals, for papers published in the year 2000, the number of citations that papers published in Science and Nature received is two times larger than for papers published in A&A and MNRAS, while ApJ papers have received around 40% more citations than those published in A&A and MNRAS.
Publishing frequency
In order to assess a gender dependence in productivity of publishing papers, we look into the mean number of published papers per year in seven years after their first publication (publishing frequency; PF). Here, we have excluded authors that have left the field of astronomy, i.e. we require that authors have at least one publication ten or more years after their first one. 1980-1984 1985-1989 1990-1994 1995-1999 2000-2004 2005-2009 ratio of the two, stacked in 5-year intervals. In the first year, the average male and female authors sometimes publish more than one paper, leading to a PF of 1.1-1.2. The first result concerns the trend of the PF with time from 1980 to 2009: the PF increased for both males and females from 1980 to 2009 by nearly a factor of 2. At present, a typical researcher publishes nearly twice as many papers per year compared to 30 years ago. This trend is stronger for females than for males: for males the PF increased from 0.6 to 0.9 from 1980s to today, while for females the PF increased from 0.4 to 0.8.
The bottom panel of Figure 3 shows the ratio of the male and female PF. Within two years after the first publication, the ratio is close to 1, indicating no major difference between male and female publications. However, the ratio drops steadily and reaches, seven years after the first publication, a value of 0.81, indicating that females publish 19 ± 7% fewer papers than males.
GENDER DIFFERENCE
In this section we examine whether there is differences between male and female papers in terms of number of citations. As highlighted before (Section 3), male and female papers have different properties in the sample. Since the citation count is expected to correlate with certain non-gender specific properties of the papers (such as seniority and number of references), one has to be careful when interpreting the quoted difference in the number of citations. We will separate the gender 1960 1965 1970 1975 1980 1985 1990 1995 bias effect from the effect caused by non-gender specific properties of the papers in Section 5.
We report our results in Figure 4 , which shows the mean number of citations received by male authors divided by the mean number of citations received by female authors in a given year. Errors for a given year are derived by bootstrapping. We also show the results of fitting the data with the functional form of a 2 e a1(yt−y) + a 3 , where y is year. The best fit parameters are a 1 = 0.06 ± 0.02, a 2 = 1 ± 0.04, a 3 = 0.38 ± 0.24 and y t = 1974 ± 12.
In the early years of our sample we see a large difference between the male and the female papers, with male authors receiving between 50% and 100% more citations than female authors. Of course, in this early period the errors are large due to small number of papers in total and even smaller number of female first author papers (see Figure 1) . Overall, the difference has decreased over time and appears to slowly saturate at ∼ 5%.
To quantify the difference we introduce the variable, b y , defined as linear fit to the data presented in Figure  4 after a certain year. In this work we will use the year 1985 as the cutoff year, i.e., b y is obtained by linearly fitting the data from 1985 to 2015. Thus, we search for b y that minimizes y>(ymin=1985)
where the d y is the gender difference measured in given year and σ dy is estimated error of the measured gender difference. Using this definition we find the value of b 1985 = 1.056 ± 0.010. Changing the cutoff year does not significantly change our results, because the fit is always dominated by the data points in the latter years due to their small errors. For example, when taking the cutoff year to be 2000, we find that b 2000 = 1.046 ± 0.009.
4.1. Controlling for seniority As described in Section 3 the male and female samples differ intrinsically. In this section, we address the question of whether the measured difference is due to different distributions of the seniority of male and female first authors. We could imagine that in a case when male first authors are on average more senior (see also Figure 2 ), they would also receive more citations since they are more established in their field. To investigate this, we split our sample into 5 year bins according to the seniority of the author and repeat the same analysis as described above. We report our results in Figure 5 where we show the measured gender difference, b 1985 as defined in Equation 1, for the sample which is split in this way.
We note that the measured gender difference is still present even in the datasets in which the males and the females are matched in seniority. We see no significant trend of measured difference with seniority, indicating that male first author papers receive about 5% more citations than female first author papers at all stages of male/female number of citations Figure 5 . Difference in the number of citations for male and female first author papers, separated in 5-year wide seniority bins. We denotes the seniority with s in the label. The gender difference, b 1985 , is measured as described in the text. We find no significant trend of the gender difference with seniority, indicating that male first author papers receive about 5% more citations than female first author papers at all stages of their careers.
their careers. The difference is present even in the bin with lowest seniority, i.e., when the author has just entered the field. As these samples are smaller than the full sample the errors are naturally larger, which prevents us from making any further stronger conclusions.
GENDER BIAS: CORRECTING GENDER DIFFERENCE FOR NON-GENDER SPECIFIC PROPERTIES WITH MACHINE LEARNING
The discussion above implies that it is complex to estimate the amount of gender bias given the large difference in properties of female and male first author papers. Any difference that we see could just be the consequence of the fact that female and male authors publish inherently different papers and, hence, may receive fewer citations not because of their gender, but because of some other parameter. Given that there are many possible variables influencing the citation number of the papers it is impossible to isolate or study a single variable (e.g., seniority as discussed above) to capture the full span of possibilities influencing our estimate of gender bias. Therefore, we resort to machine-learning techniques in order to correct and estimate more accurately the amount of gender bias.
The main idea is to train the random-forest algorithm on the sample of male first author papers, using all the non-gender specific parameters available for the dataset. We will then use the trained algorithm to estimate the number of expected citations from the papers written by female first authors, given the properties of their papers. By comparing the predicted to the measured number of citations, we will be able to constrain the intrinsic gender bias, which is corrected for non-gender specific properties of male and female first author papers.
5.1. Constructing samples and training the random-forest algorithm In this analysis, we characterize the papers by using the following non-gender specific properties: seniority of the first author, number of references, number of authors, year of publication, publication journal, field of study and the region of the first author institution. We do not use the paper properties that do not span the whole dataset (e.g., number of words in a paper), as we wish to characterize the evolution of gender bias through time. Furthermore, we remove papers that do not have this information. In particular, we remove 22,685 that do not have an institution region. Importantly, our results do not change significantly if we include these papers and remove geographical information as one of the parameters in the analysis.
From the total male dataset we created a training and a testing subsample by randomly drawing papers. We created the testing subsample so that it contains in each year the same number of papers as the female sample. This assures that the estimates of the error in each year are comparable between the testing and female sample.
We then searched for optimal parameters of the random forest algorithm (number of trees, minimal leaf size and number of parameters considered when splitting) in the following manner. We use the trained random-forest model on the testing subsample to generate mock number of citations and then use on them the same procedure as described in Section 4 to evaluate the difference between the training and the testing set. We choose the values which show no difference between the training and the testing sets (tree number=50, maximal number of features considered when splitting=80% of available parameters, minimal leaf size=20). The code is openly available 12 . We checked our results by running the code 40 times with different randomly selected training and testing subsamples and find that these results are robust. We use scikit-learn Python package for this analysis, but we also confirm that results are unchanged when using Wolfram Mathematica implementation of the random forest algorithm. Most important predictive features in the dataset, measured with the "Gini importance" estimator (Breiman et al. 1984) are number of references, year of publication and journal, respectively.
10% fewer citations for female first author papers
Having verified that our trained algorithm is able to accurately predict the number of citations based on a several non-gender specific parameters, i.e. does not find a difference between the training and testing samples which were both drawn from the sample of male first author papers, we used the same algorithm on the female sample. In Figure 6 we show the ratio of the measured number of citations that female authors have received to the number of citations that would be expected from our analysis. We find that papers with female authors systematically receive fewer citations than what would be expected given the other, non-gender specific properties of their papers. We also show the results of fitting the data with the functional form of b 1 (y t − y) + b 2 (y t − y) 2 + b 3 , for which the best fit parameters are b 1 = −0.03 ± 0.003, b 2 = −0.00026 ± 0.00004, b 3 = 0.04 ± 0.11 and y t = 1945 ± 5. We define the 1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 Year 0.5 1.0 1.5 measured/predicted number of citations Figure 6 . Gender bias: measured over predicted number of citations for papers authored by females. The error bars are obtained by bootstrapping. The shaded green area shows 1-σ uncertainty on the best fit (see text for details). The predictions of the citation numbers are based on non-gender specific properties of papers authored by males. We measure an average intrinsic bias of about 10%, implying that females systematically receive around 10% fewer citations than what would be expected if they were males, given the properties of their papers. quantity b ff , characterizing this bias between the simulated female sample (f ) and the actual female sample (f ), and measured by fitting the data presented in Figure 6 from the year 1985, with the same procedure as presented in Section 4. We measure this bias to be b ff = 0.896 ± 0.009, i.e. we find that females systematically receive around 10% fewer citations than that what would be expected given the properties of their papers.
To check the consistency of our results presented here (bias that amounts to 10%) and the ones in Section 4 (uncorrected gender difference that amounts to 6%), we replace the measured number of citations a female first author paper receives with the predicted number of citations. With this experiment we consider what would be the difference in number of citations if there was no intrinsic bias between male and female first author papers. We measure this value to be b mf = 0.958 ± 0.008. In order words, if there was no intrinsic bias between the male and female authors we would expect that male authors in our sample should receive 4% fewer citations than the female authors, purely from the differences in the properties of their papers. As shown above, we detect that actually male authors receive around 6% more citations (gender difference in 4). Hence, these two effects together add up to the 10% difference that we measure between the expected and the measured value of citations received by the female authors.
SELF-CITATION
There are many possible reasons to explain the aforementioned difference in the number of citations of female and male first author papers. One reason could be that males tend to cite themselves more often compared to females. This directly increases the number of citations, as well as the visibility of the paper, leading to more citations in the future. Therefore, we investigate the self-citing tendency of male and female authors in this section.
Precisely defining "self-citations" is of crucial importance. During our initial analysis it became obvious that the result differs significantly depending on the definition used. This is due to the obvious correlation between the number of self-citations and the number of papers previously published by a given author. Given that the sample of males tends to have more papers this immediately leads to the conclusion, when not controlled for this correlation, that males tend to self-cite more. We believe that this is the main driver for conclusion stated in the paper by King et al. (2016) who found when analyzing the whole JSTOR database of scientific papers that men cite their own papers 56% more than women do. The fact that authors with more published papers also have more self-citations is expected, and it is hard to define an objective criteria that differentiates justified self-citations and "unnecessary" ones. We tried various definitions and concluded that any definition that uses total number of self-citations or total number measured to predicted female self-citation Figure 7 . Self-citing tendency of males and females. The upper panel shows the ratio of the fraction of male and female first author papers that have cited their previous paper. We see that males tend to consistently self-cite less than their female colleagues.
However, the lower panel shows the same, but corrected for non-gender specific properties of the papers, indicating that there is no inherent difference in the propensity for self-citation between the male and female authors when all of the other parameters are accounted for.
of published papers by an author carries this bias to a certain level.
Therefore, we use a definition that is explicitly not dependent on the total number of self-citations of an author: for each paper in our database we check if the paper in question has cited the paper published immediately prior to it by the same first author. Therefore, for each paper in our database, we assign a value of 1 if the paper has cited the the most recently published paper by the same first author, 0 if it has not. We exclude all papers that are the first publications from our analysis. We expect our results to be skewed for authors working in multiple fields, but we do not expect a large difference between genders in this aspect.
We proceed with our analysis in the same fashion as described in Sections 3 and 4. For this analysis, the most important predictive features in the dataset are number of references, seniority and year of publication. Our results are illustrated in Figure 7 . We only show results from the year 1979 to 2015 because the low number of self-citations makes it impossible to create a meaningful comparison between the genders before 1979. In the upper panel, we plot the ratio of the fraction of male to female first author papers that have cited their previous paper. We see that males tend to consistently self-cite less than their female colleagues. Using the linear fit to the data, in the same manner as described in Equation 1, we find that the self-citation ratio (sc) between males and females after 1985 is sc mf,1985 = 0.91 ± 0.02.
We then follow up this results with the same type of random-forest analysis as described in Section 5, but now we train the algorithm to predict the probability of self-citing the last work of the author of the paper instead. We verify, using multiple training and testing sets derived from the male sample, that the algorithm is successful in reproducing the input values and does not introduce biases in our measurement. In the lower panel of Figure 7 we show the result of the randomforest procedure to predict the number of self-citations by female authors and compare it to the number of measured number of self-citations. We see that there is little difference, i.e., the self-citation rate by female authors is the very similar to what we would expect if papers with the same properties were written by the male authors. A formal fit to the ratio of self-citation between the simulated female dataset and the measured female dataset is sc f f,1985 = 1.015 ± 0.011. We note that in this case the choice of the starting year for the fit again makes a small difference to the final result; for instance setting starting year for the fit at 2000 yields the result of sc f f,2000 = 1.004 ± 0.011. We conclude that the perceived difference in the upper panel of Figure 7 is fully explained by the different properties of the papers authored by male and female authors. We find only minimal inherent difference in the propensity for self-citation between male and female authors when all of the other parameters are accounted for and hence we conclude that this is not the main driver of the gender bias in the number of citations.
DISCUSSION
Although we took maximal care to avoid any biases in our own analysis, some caveats remain.
Gender identification is of crucial importance for our analysis. As discussed in Section 2 we gather the data from first names of authors and run the name through multiple algorithms to determine the gender. This is not possible if the author is only using initials throughout their publication history. Even if there is no bias between males and females of using only their initials, we will tend to miss females because they are likely to publish less frequently and to be younger (see Figures 1 and 2) . Both of these effects would bias us so that we would only be able to recognize gender of more established female authors in the field. The fact that the female authors in our sample tend to have more references (see Section 3) and longer papers (see Appendix A) could be, at least partially, a manifestation of this effect. This potentially also contributes to the observation that we would expect that the female authors should receive around 4% more citations than males in our sample (see Section 5). Additionally, this recognition problem is possibly aggravated because some females change their last names due to marriage. This effect could also lead to underestimation of seniority for some female authors as we misidentify established authors as newly arriving in the field (see Section 3). We note that fully accounting for these effects would probably increase the observed difference in citation counts between females and males in astronomy.
Because our name classification mechanism is mostly based on data sources in Europe and North America, this means we are less likely to recognize the gender of names from different cultures. This becomes especially apparent in later years with a more globalized astronomy community. We do not expect this to create any strong effect in our analysis as we have checked that the gender bias is largely independent of the region where the host institution is based.
Of course we cannot claim that we have actually measured gender bias. One could imagine numerous other parameters that should be considered and matched before such a conclusion could be drawn. Our results therefore should be taken with care. It is our best effort based on all of the available data that we could acquire. We encourage the community to work on and/or enhance our dataset for further analysis.
CONCLUSIONS
The main goal of this paper is to quantify the gender bias in astronomy. We define "gender bias" as the difference in the citation counts between female and male first author papers with matched non-gender properties. We assembled information about all papers published in A&A, MNRAS, ApJ, and about all of astronomical papers published in Science and Nature from 1950 to 2015. In total, we have analyzed over 200,000 papers. Using the gender recognition algorithm, we assigned gender to the first author of every paper where this was feasible (about 70% of all papers). For the majority of the remaining papers we were not able to deduce the gender of the first author because the author only used initials throughout their publishing career. Our main conclusions are as follows:
• Female participation has been consistently rising over time. Females authored around 25% of the papers in the last few years, but this rise has been the slowest in the most prestigious journals, such as Nature and Science, where the fraction amounts to only 17%.
• By simply measuring the difference between the number of citations received by male and female authors in our sample we find a clear 5.6 ± 1.0% difference in favor of male authors, when measured from the year 1985 onward. This gender difference does not change significantly when choosing a later year for the measurement as the difference is decreasing very slowly or not at all.
• We estimate gender bias by using machine-learning techniques to control for differences between the male and female first author papers. We find that females receive 10.4 ± 0.9% fewer citations than what would be expected if the papers with the same characteristics were written by the male authors. This is consistent with our finding that if gender bias did not exist, we would expect males in our sample to receive 4.2±0.8% less citations than females.
• Using the probability of an author having self-cited their previous paper as a self-citation metric, we find that females in our sample are 9 ± 2% more likely to cite their previous work. When using machine-learning techniques to control for differences between the male and female samples we find no significant intrinsic differences in propensity of male and female authors to cite themselves.
Our conclusions are limited by our inability to determine the gender for all of the authors of the papers. We believe that this effect would probably act in a manner to further strengthen our conclusion about the existence of gender bias in astronomy.
APPENDIX

A. FURTHER CHARACTERISTICS OF OUR SAMPLE
Clearly, the data presented in this work is very rich and many different aspects can be investigated. We present here some further details. Fraction Leave Male 1980-1984 1985-1989 1990-1994 1995-1999 2000-2004 2005-2009 An interesting question is whether females or males are more prone to leave the field of astronomy. We address this question by looking at the publication pattern of individual male and female authors. Specifically, we measure the fraction of authors that have published their final paper (i.e., have not published another paper in the following years in of the five journals considered here) as a first author in a given year. This is done out to 8 years after their first publication. Figure A .1 shows the fraction of male and female authors that have left the field as a function of years after their first publication (seniority). We have stacked the data in 5-year intervals. Between 20-30% of both males and females do not publish any further papers after their papers in the first year. This drops significantly to about 5% in the second year, and stays thereafter between 5-10%. We do not find any difference between males and females nor with time (from 1980 to today), within the measurement errors.
A.2. Length of papers Figure A .2 shows the ratio of the length of the papers authored by males to the length of the papers authored by the females. The data for this analysis is available only from the year 2007 as this is the year from which the *.tex files of the papers are easily accessible via the S3 Amazon server. We see that papers written by the male authors in our sample tend to be around 5% shorter than papers written by the female authors. This is consistent with our finding that the number of references in the female papers is larger than the number of references in the male papers, which is the effect which we observe across all of the years in the sample. As elaborated in Discussion (Section 7) we can not distinguish if this is the real effect or if we are somehow biased against recognizing gender of the the female authors which tend to write shorter papers. We define seniority as the number of years since the author's initial first author publication. Since only papers after 1950 are included in our analysis, there is the possibility that we do not determine the seniority accurately at early times. In Figure B .3 we show the fraction of papers with first authors who have published their first paper before 1960 and 1965, respectively. We find that in 1978 90% of all papers have a seniority after 1965, i.e., from the year 1978 we are complete at the least 90% level.
